Recent experiments and simulations have demonstrated that proteins can fold on the ribosome. However, the extent and generality of fitness effects resulting from co-translational folding remain open questions. Here we report a genome-wide analysis that uncovers evidence of evolutionary selection for co-translational folding. We describe a robust statistical approach to identify loci within genes that are both significantly enriched in slowly translated codons and evolutionarily conserved. Surprisingly, we find that domain boundaries can explain only a small fraction of these conserved loci. Instead, we propose that regions enriched in slowly translated codons are associated with co-translational folding intermediates, which may be smaller than a single domain. We show that the intermediates predicted by a native-centric model of co-translational folding account for the majority of these loci across more than 500 E. coli proteins. By making a direct connection to protein folding, this analysis provides strong evidence that many synonymous substitutions have been selected to optimize translation rates at specific locations within genes. More generally, our results indicate that kinetics, and not just thermodynamics, can significantly alter the efficiency of self-assembly in a biological context.
INTRODUCTION
Many proteins can begin folding to their native states before their synthesis is complete [1, 2] . As much as one-third of a bacterial proteome is believed to fold cotranslationally [3] , with an even higher percentage likely in more slowly translated eukaryotic proteomes. Numerous experiments on both natural and engineered aminoacid sequences have shown that folding during synthesis can have profound effects: compared to denatured and refolded chains, co-translationally folded proteins may be less prone to misfolding [4] [5] [6] [7] [8] [9] [10] [11] , aggregation [12] and degradation [13] , or they may preferentially adopt alternate stable structures [14] [15] [16] . Because the timescales for protein synthesis and folding are often similar [17, 18] , it is clear that the rate of translation can be used to tune the self-assembly of peptide chains in vivo [19, 20] . To this point, however, there exists little evidence that evolution has selected specifically for efficient co-translational folding kinetics across any substantial fraction of an organism's proteome.
In this work, we provide evidence that evolutionary selection has tuned protein-translation rates to optimize co-translational folding pathways. Our approach is motivated by the hypothesis that pauses during protein synthesis may be beneficial for promoting the formation of native structure. By increasing the separation between the timescales for folding and translation, such pauses may promote the assembly of on-pathway intermediates, which, in turn, template the growth of further native structure. Many experimental and computational studies have shown that protein-folding naturally proceeds in a step-wise manner via structurally distinct intermediates [21, 22] , and that cooperative folding cannot commence until a minimal number of residues have emerged from the ribosome exit tunnel [23] [24] [25] [26] . These general findings suggest that any beneficial pauses during synthesis should occur at specific locations within an amino-acid sequence.
Using a coarse-grained model of co-translational folding, we find that translational pauses tend to be associated with stable, native-like co-translational folding intermediates. The relevant folding intermediates are typically not complete structural domains, as has often been assumed [27] , and may be distinct from intermediates that are observed when refolding from a denatured ensemble. By comparing putative translational pause sites with a neutral model that accounts for genespecific codon usage, we show that evolutionarily optimized co-translational folding is a widespread feature of the E. coli genome. Our results therefore highlight the extent to which evolution has tuned the self-assembly pathways, and not just the native structures, of complex biomolecules.
RESULTS

Unbiased identification of slowly translated regions
Our analysis of beneficial pauses in protein synthesis relies on the identification of regions within mRNA transcripts that are enriched in 'rare' codons (SI Appendix, Table S1 ), i.e. codons that are used substantially less often than alternate synonymous codons in highly expressed genes [28] . Despite numerous attempts to predict codon-specific translation rates based on physical factors [29] [30] [31] [32] , such as tRNA concentrations, translationspeed estimates based on relative-usage metrics [28, 33] remain among the most accurate [34] [35] [36] . Thus, using codon rarity as a proxy for translation speed, we can look for pauses in synthesis by identifying regions in a mRNA transcript that are locally enriched in rare codons.
However, an appropriate neutral model must account for two potential sources of synonymous codon-usage bias at the level of an individual gene. First, we controlled for the overall rare-codon usage in a gene, which is defined as the fraction of rare codons in the entire transcript (SI Appendix, Fig. S1 ). Multiple factors have been hypothesized to contribute to the overall degree of codon adaptation of each gene, including evolutionary selection for rapid synthesis, accurate translation and the stability of mRNA transcripts [37] . By taking a gene's average codon usage into account, we instead pick out regions that are locally enriched in rare codons relative to the gene-specific background. Second, we accounted for synonymous-codon bias due to the amino-acid composition of the protein sequence. Assuming that amino-acid sequences are under stronger selection pressure and can thus be considered immutable, we estimated the average rare-codon frequencies for each amino-acid type among all genes with a similar level of rare-codon usage. Having controlled for the overall rare-codon usage and the amino-acid sequence, we modeled neutral codon usage as a Bernoulli process with sequence-dependent rare-codon probabilities (see SI Appendix, Sec. 1A).
Evaluation of evolutionary conservation
Next, we assessed the functional importance of local rare-codon enrichment by looking for conservation of rare-codon usage across multiple-sequence alignments ( Figure 1) . We extended the neutral model described above to 18 sufficiently diverged prokaryotic genomes, with rare-codon definitions and gene-specific rare-codon probabilities computed for each genome independently. Here our approach differs from conventional conservation analyses, because we are interested in the enrichment of rare codons within contiguous 15-codon segments of a transcript, as opposed to the codon usage at each aligned site [38, 39] . By examining conservation of rare-codon enrichment, we can identify local regions that do not align precisely but nevertheless result in translational pauses at similar places within the protein sequence. This approach also allows for a meaningful comparison of the local rare-codon enrichment in sequence alignments that contain insertions and deletions. Our choice of a 15-codon enrichment region is comparable to the length of a typical element of protein secondary structure, and we verified that regions with widths of 10 and 20 codons yield similar results. In contrast, larger enrichment regions defined on the basis of complete domains rarely differ significantly from the background rare-codon usage, while analyses of single aligned sites tend not to produce statistically significant results.
To be relevant for co-translational folding, putative slowly translated regions must meet two criteria: a high degree of conservation of slowly translated codons, and a low probability of such an occurrence in the neutral model. For a region to be considered both enriched and conserved, we required that the local concentration of rare codons deviate from the background distribution by approximately one standard deviation in at least 75% of the sequences in the alignment; Fig. S2 of the SI Appendix shows that our results are robust with respect to this conservation threshold. We then computed an associated p-value that reports the probability, within the neutral model, of randomly generating at least the observed number of enriched regions from reverse translations, i.e., by sampling synonymous sequences using the aligned amino-acid sequences and a probabilistic model of the codon usage for each amino-acid type (see SI Appendix, Sec. 1A). This second criterion is central to our findings, as we shall discuss below. We emphasize that Figure 1 . Below, the minimum free energy, relative to the unfolded ensemble, of a nascent chain of length L is shown by the solid blue line; the stability of the native full-length protein is FN /kBT . Native-like intermediates become stable where this minimum-free-energy curve decreases sharply. The lowest p-value for enriched sequences (highlighted region) is approximately ∆L = 30 codons downstream of the first predicted folding intermediate.
these criteria are distinct: depending on the amino-acid identities, it is possible to observe low p-values without significant rare-codon enrichment relative to the background, and vice versa. Consequently, both criteria must be satisfied to constitute evidence for evolutionary selection.
Our analysis reveals numerous rare-codon enrichment loci in the E. coli genome that are inconsistent with the neutral model, and are thus likely to be a result of evolutionary selection (SI Appendix, Fig. S3a ). Although these regions occur throughout the mRNA transcripts, their locations are biased towards both the 5' and 3'-ends (SI Appendix, Fig. S3b ). While these trends have been noted previously [40] , our analysis confirms that the increased probability of rare-codon enrichment at the 3'-end is evolutionarily conserved and is not a consequence of the amino-acid sequences. Furthermore, we find that these biases become more pronounced as we lower the p-value threshold used for comparison with the neutral model (SI Appendix, Fig. S3b ), suggesting that any false positives from our analysis are relatively evenly distributed throughout the transcripts. We also analyzed the codon-level similarity among the genomes in our alignments and verified that these results reflect conservation of rarity as opposed to conservation of specific codons (SI Appendix, Fig. S4 ).
Comparison with predicted co-translational folding pathways
To probe the potential consequences of local rarecodon enrichment for protein folding, we next examined the formation of native-like intermediates during protein synthesis. A large body of simulation evidence [41] has shown that intermediates must be stable at equilibrium in order to be sampled with high probability during cotranslational folding and are only likely to form when the folding rate is fast relative to the protein elongation rate. Therefore, while an intermediate's equilibrium free energy does not completely determine whether it will appear on a co-translational folding pathway, we assume that stability at equilibrium is necessary for a pause in translation to promote the development of native structure.
Here we applied a coarse-grained model [22] to predict the formation of stable partial structures during nascentchain elongation. Importantly, this model captures the tertiary structure of nascent chains and does not assume that domains fold cooperatively or independently. To model co-translational folding, a nascent chain of length L is allowed to form native contacts among the first L residues of the full protein. We then computed the minimum free energy of a nascent chain, relative to an unfolded ensemble, using a mean-field theory based on the protein's native structure (see SI Appendix, Sec. 1B). This approach captures the opposing contributions to the free energy from energetically favorable native contacts and the configurational entropy of an unfolded chain. We used a native-centric energy function that emphasizes hydrogen bonds and contacts between larger residues [22] , while the thermodynamic stability of the native state is fixed based on the full protein length [42] . We show in Fig. S5 of the SI Appendix that tuning the native-state stability does not significantly affect the results of our analysis.
Our calculations predict that, in general, native structure forms discontinuously during nascent-chain elongation. In the example shown in the lower panel of Figure 2 , decreases in the nascent-chain free energy occur at dis-tinct chain lengths. These sudden drops correspond to the appearance of stable intermediates with native-like tertiary structure. In contrast, at chain lengths corresponding to the intervening plateaus, the nascent-chain free energy remains constant because the newly synthesized residues cannot form sufficient stabilizing contacts with any existing tertiary structure. Unsurprisingly, the probability of finding a stable on-pathway intermediate increases as synthesis nears completion (SI Appendix, Fig. S6 ).
We are now in a position to test the relationship between translational pausing and the formation of nativelike intermediates. The ribosome exit tunnel is widely believed to conceal between 30 and 40 amino acids [35, 43] , although a greater number may be accommodated in partially helical conformations [44] . In addition, some tertiary structure formation may commence within the exit-tunnel vestibule [45] . A beneficial pause in synthesis should therefore be separated from a co-translational intermediate by a distance that is roughly equivalent to the exit-tunnel length (see Methods). An example of this correspondence is shown in Figure 2 , where a putative translational pause is located approximately 30 residues downstream of the formation of a predicted intermediate. However, we emphasize that, according to the present hypothesis, the formation of an intermediate is necessary but not sufficient to expect that a translational pause would be beneficial. For example, intermediates that fold quickly relative to the average translation rate or appear less than the exit-tunnel distance from the end of the protein are unlikely to be accompanied by a productive pause.
Conserved, enriched regions associate with predicted co-translational folding intermediates By applying this analysis to a set of approximately 500 E. coli proteins with known native structures, we find widespread support for our co-translational folding hypothesis. In particular, we find that the co-translational folding intermediates predicted by our coarse-grained model account for a significant proportion ( 50%) of the putative slowly translated regions (Figure 3 ). Most importantly, we find that the fraction of rare-codonenriched regions that can be explained by our model increases consistently as we reduce the p-value threshold for establishing evolutionary conservation. In other words, the predictive power of our model improves as false positives related to the random clustering of rare codons are preferentially eliminated. This trend is also robust with respect to variations in the precise definition of codon rarity (SI Appendix, Fig. S7 ).
We further tested the sensitivity of our co-translational folding predictions by repeating the above analysis with randomized control sequences, which preserve the total number of pause sites at each p-value threshold but uniformly distribute their locations across the transcripts 3 . Above, the fraction of conserved, rare-codon enriched regions that follow a predicted co-translational folding intermediate increases as false positives are systematically eliminated. In contrast, folding intermediates precede a consistently smaller fraction of the uniformly distributed enriched regions in randomized sequences. Below, analyzing domain boundaries instead of folding intermediates similarly exhibits no dependence on the p-value threshold and accounts for a much lower percentage of the observed rare-codon enrichment loci. The error bars on the control distributions indicate the standard deviation of 100 randomizations, while the error bars on the genomic data are estimated from binomial distributions at each p-value threshold.
( Figure 3 ; see Methods). Although a significant fraction (∼ 35%) of the fictitious pause sites in the randomized sequences can also be explained by our model, likely due to chance overlaps with predicted intermediates, the difference between the genomic and randomized data increases markedly at lower p-value thresholds (one-sided p < 10 . Unlike the comparisons with randomized control sequences, both ratios deviate significantly from unity and depend on the p-value threshold used. Below, domain boundaries do not exhibit statistically significant associations with conserved pause sites. Error bars are defined as in Figure 3 .
3'-end rare-codon bias in the mRNA transcripts or the amino-acid sequences of the proteins. Next, we performed inverse tests to assess whether cotranslational folding intermediates are preferentially associated with putative translational pauses. However, because the formation of an intermediate is not in itself a sufficient condition for a translational pause to be beneficial, we find that the overall frequency of such associations is small relative to the number of predicted intermediates (SI Appendix, Fig. S10 ). We therefore computed the odds ratio of finding conserved, rare-codon-enriched regions just downstream of a predicted intermediate, as opposed to elsewhere in a mRNA transcript. The results shown in Figure 4 confirm that the association between folding intermediates and translational pause sites is highly significant (one-sided p < 10 −7 at neutral-model p-value thresholds below 0.01; see SI Appendix, Fig. S8b ) and, importantly, is not related to the overall frequency of predicted co-translational intermediates. Here again, the predictive power of our model shows a strong dependence on the p-value threshold used for screening putative pause sites. In contrast, tests with randomized control sequences do not deviate from an odds ratio of unity.
We also applied our analysis to structural domain boundaries, which have previously been suggested to play a role in coordinating co-translational folding [46] . Nevertheless, in agreement with more recent works [27] , we find little evidence of selection for translational pausing at domain boundaries. For these comparisons, we used domain definitions for approximately 800 E. coli proteins from the SCOP database [47] . Figure 3 shows that domain boundaries explain a much smaller fraction ( 12%) of the putative pause sites than our folding model. Furthermore, the predictive power of the domainboundary hypothesis does not vary with the p-value threshold, and the odds ratios are nearly indistinguishable from the randomized controls ( Figure 4 ). These conclusions also hold for various related hypotheses: instead of assuming that a domain must be completely synthesized before folding, we tested models where native structure begins to form either at a fixed number of residues prior to the domain boundary or at a fixed percentage of the domain length (SI Appendix, Fig. S11 ). In all cases, the correspondence between the domain boundaries and the conserved, rare-codon enriched loci is significantly weaker than the results of our co-translational folding model. While these findings do not imply that domain boundaries are irrelevant for co-translational folding, we can conclude that the domain-boundary hypothesis is insufficient to explain the vast majority of conserved, slowly translated regions.
DISCUSSION
By integrating a multiple-sequence analysis of synonymous codon conservation with protein-folding theory, we have shown that highly conserved rare-codon clusters preferentially associate with predicted co-translational folding intermediates. The putative pause sites in the E. coli genome that are both evolutionarily conserved and unaccounted for by the neutral model systematically appear downstream of predicted co-translational folding intermediates at distances that are similar to the length of the ribosome exit tunnel. Our large-scale study therefore supports the hypothesis that beneficial pauses during protein synthesis follow key steps in the assembly of native structure. Comparisons with randomized control sequences confirm that our observations are highly significant.
This analysis of co-translational folding pathways, as opposed to elements of the static native structure, pro-vides new insights into the interplay between translation and the self-assembly kinetics of nascent proteins. The stabilization of a partial structure often occurs well before a native domain is completely synthesized, especially in cases where the domain comprises more than 200 residues. In particular, sub-domain co-translational folding intermediates typically appear when sufficient tertiary contacts are available to compensate for the loss of chain entropy that is required for folding. Overall, a relatively small fraction ( 15%) of all predicted intermediates are followed by conserved translational pauses (SI Appendix, Fig. S10 ), but the association between folding intermediates and conserved pauses is highly significant ( Figure 4 ). This observation is consistent with our hypothesis, since the effect of a pause depends on the relative timescales for translation and folding, as well as potential interference due to non-native interactions. In addition, this observation explains why pause sites are not preferentially associated with domain boundaries: although fully synthesized domains may be stable on the ribosome, the prior formation of a partial-chain intermediate is likely to affect the subsequent folding rates for other parts of the protein. As a result, the entire cotranslational folding pathway must be considered when interpreting the effect of a pause in translation. We anticipate that an optimal translation protocol [48] could be predicted with knowledge of the substructure-specific folding and translation rates, as well as their propensities for forming non-native interactions, including interactions with the surface of the ribosome [49] . In addition, an optimal translation protocol is likely to be affected by the presence of misfolded intermediates, which may be avoided by increasing the local translation rate [50, 51] .
The approach that we have taken in this work improves upon earlier studies of rare-codon usage, which have addressed alternative hypotheses regarding translational pausing but yielded mixed results [35, 38, [52] [53] [54] [55] [56] . In addition to our distinct focus on co-translational folding pathways, our conclusions are more robust due to our use of a multiple-sequence analysis to detect evolutionary conservation, as well as our formulation of a neutral model that controls for both amino-acid composition and the inherent codon-usage variability across genes. The statistical significance of our results is further increased by the much larger sample size used here.
While this paper was under review, we became aware of a contemporaneous study [57] that identifies conserved rare-codon clusters via a complementary statistical analysis. The authors also observe extensive rare-codon conservation across mRNA transcripts and similarly find no evidence of enrichment near domain boundaries.
Synonymous substitutions can also affect protein synthesis through mechanisms that are unrelated to protein folding, most notably via changes to mRNA secondary structure and stability [37] . However, many experimental studies have shown that these effects originate predominantly from substitutions near the 5'-end of the mRNA transcripts, and typically modulate the total protein production as opposed to the protein quality [58, 59] . Such mRNA-specific effects are thus a likely explanation for the observed 5'-end bias in rare-codon enrichment, where variations in translation speed are unlikely to play a role in co-translational folding. Consequently, we have excluded N-terminal rare codons from our analysis. In addition to rare-codon usage, various studies have proposed that additional factors, such as interactions between the nascent chain and the ribosome exit tunnel [35] or the presence of internal Shine-Dalgarno motifs [30] , can affect translation rates. It is likely that a more complete picture of sequence-dependent translation kinetics will enable further refinements to the co-translational folding model presented here.
In conclusion, our study highlights the importance of optimal kinetic pathways for efficient biomolecular selfassembly. Although a protein's amino-acid sequence entirely determines its thermodynamically stable structure, it is becoming increasingly clear that synonymous mutations are not always silent. Our analysis provides strong evidence that evolutionary selection has tuned local translation rates to improve the efficiency of cotranslational protein folding. Further work is needed to understand the relationship between genome-wide codon usage and translation rates and to improve the prediction of co-translational folding intermediates, including those that contain significant amounts of non-native structure. Nevertheless, our results indicate that folding kinetics play a role in evolutionary selection and suggest that similar relationships may exist for other biological selfassembly phenomena, such as the assembly of macromolecular complexes.
METHODS
We constructed alignments based on the amino-acid sequences of homologous genes from 18 prokaryotic species with between 50 and 85% average amino-acid sequence identity to E. coli (SI Appendix, Table S2 ). We then computed p-values associated with rare-codon enriched regions, assuming biased reverse translations and a gene-specific model for the probability of each amino-acid type being encoded by a rare codon. Consensus crystal structures were constructed for 511 non-membrane E. coli proteins with 500 residues or fewer using Protein Databank [60] entries containing complete structures for sequences with at least 95% amino-acid identity to the E. coli gene. SCOP domain assignments were obtained from [47] for all proteins with at most 500 residues. Due to the uncertainty in the number of amino acids that are concealed in the ribosome exit tunnel and the potential for steric interactions between folding intermediates and the ribosome, we consider a rare-codon-enriched region to be associated with a folding intermediate if the enriched region is anywhere between 20 and 60 codons downstream from the position at which an intermediate first becomes stable, ignoring enriched regions within the first 80 codons of a transcript. An intermediate is identified whenever the monotonic co-translational free-energy profile decreases by more than 1 k B T relative to the previous free-energy plateau; for example, see the pattern of alternating plateaus and precipitous free-energy decreases in the lower panel of Figure 2 . To generate the randomized control sequences from which the control distributions in Figures 3 and 4 In this section, we describe a neutral model of genespecific synonymous codon usage. For each genome, we define a set of rare codons that are used significantly less frequently than alternative synonymous codons in the most highly expressed genes [28] . Using experimentally determined protein abundances to account for the differing expression levels among genes, we compute the relative synonymous codon frequencies for each aminoacid type,
where c is a codon for an amino acid a, x sg is the protein abundance of gene g in genome s, i is an index that runs over all coding positions up to the protein length L sg , and 1(·) is the indicator function. We then define the set of rare codons as those codons whose protein-abundanceweighted relative usage, p s use (c|a), is less than 10%. The relative usages of E. coli rare codons, as determined by Eq. S1, are shown in Table S1 . We use a composite data set for the protein abundances in E. coli [61] and assume that these abundances are similar for all prokaryotic genomes in our alignment (Table S2) . The rare-codon definitions turn out to be comparable, but not identical, for these genomes.
Next, we address the absolute enrichment of rare codons in a local region of a gene, without considering the amino-acid sequence. We calculate the average fraction of rare codons in the M aligned sequences, which all have at least 50% amino-acid identity with respect to the E. coli gene and differ in length by no more than 20%,
Here and below, we exclude the first 30 codons to avoid the 5'-end bias, and we define p sgi use (c|a) ≡ p s use (c sgi |a sgi ) for brevity. We then define a local-region enrichment threshold n sg enr for each aligned sequence by considering a Poisson process with rare-codon-usage rate λ g ,
where p Poisson (λ, l, n) is the cumulative distribution function of l events occurring in n trials given a rate λ. The cumulative probability 0.15 corresponds to an approximately one-standard-deviation fluctuation in the local rare-codon usage. Every local region has a fixed width within the E. coli sequence, in which case n s = n. (We have chosen n = 15 in the main text.) However, due to insertions and deletions, the number of codons that align to a given n-codon region of the E. coli sequence may be different for the other sequences in the alignment. Therefore, when applying Eq. S3 to these other sequences, we use the number of codons n s that align to each n-codon region of the E. coli sequence, including any insertions. With this approach, we can identify structurally equivalent regions that are enriched in rare codons in each aligned sequence.
We can now calculate a p-value that accounts for biases in rare-codon usage due to the local amino-acid composition. To do so, we estimate the probability of using a rare codon for each amino-acid type in a given gene by analyzing the relative codon-usage bias of all genes with a similar overall rare-codon usage λ,
where {g} λ is the set of genes with similar λ. In practice, we implement Eq. S4 by sorting all genes according to their overall rare-codon usages and splitting them into ten groups, each comprising approximately 400 genes. However, because the average codon usage is not exactly the same for all genes in each of these groups, we then adjust the rare-codon probabilities slightly to match λ g ,
where the scaling factor γ is chosen such that
Eq. S6 is nearly linear in γ while ensuring that all probabilities are positive. Finally, the neutral-model probability that a local region contains at least n sg enr rare out of n s codons is
where {Ω} is the set of all permutations of the codon positions within the given region and Ω i is the position at index i in the permutation Ω. The probability of observing at least m obs enriched sequences is then
where {σ} is the set of all orderings of the M sequences, and σ i is the sequence at the ith index of the ordering σ. We require m obs /M ≥ 0.75 for an enriched region to be considered conserved (see Figure S2 ). Eq. S8 is the neutral-model p-value used throughout this work.
B. Quasi-equilibrium co-translational folding model
In this section, we adapt the native-centric coarsegrained model described in Ref. 22 to predict free-energy landscapes for co-translational folding (Supplementary Methods Figure 1a) . A native contact between a pair of residues is formed when at least one pair of heavy atoms is separated by at most 4Å in the consensus crystal structure and the residues are at least three positions apart in the primary sequence. The effective potential energy between residues u and v depends on the number of such heavy-atom contacts, n nc uv ≥ 1; whether the pair of residues forms a hydrogen bond, 1 hb uv ; and whether the contact is part of an α-helix, 1 helix uv :
with α helix = 5/8 and α hb = 16. In this discrete model, a microscopic configuration is defined by the set of native contacts that are formed. The free energy of such a configuration is determined by opposing energetic and entropic contributions: native contacts are stabilizing according to Eq. S9, and configurational entropy is gained when native contacts are broken. Furthermore, sets of native contacts can be decomposed into independent structured regions (Supplementary Methods Figure 1b) . Within each structured region, all possible native contacts are formed among the participating residues; however, different structured regions are linked by chains of disordered residues and can thus move independently. We therefore evaluate the free energy of each structured region separately. The free energy of a configuration g with a single structured region is
where u and v are residues that form native contacts in the configuration g, N g is the number of contact-forming residues, k B is the Boltzmann constant, T is the absolute temperature, and µ = 2k B T is the entropic penalty associated with native-contact formation [22] . Sequences of disordered residues that begin and end in the same structured region are referred to as loops (Supplementary Methods Figure 1b-c) . The total loop entropy, ∆S l (g), is the sum of ∆S l (l) for all loops {l} g that terminate in the structured region,
where |l| is the number of disordered residues in the loop, r(l) is the distance between the loop endpoints, and we assume Gaussian statistics for all loops longer than the Kuhn length b = 2 residues. Our goal is to compute the free energy of a nascent chain of length L, F (L). First, we note that the free energy of a polypeptide chain in this model is equal to the (b) A partially folded configuration may contain one or more structured regions. In this example configuration, native contacts are formed within two such regions (red and blue sets of residues), while the disordered gray residues do not form any native contacts; each structured region is associated with a single loop of either four disordered residues (red region) or one disordered residue (blue region). (c) Example sets of non-overlapping structured regions (dashed blue boxes).
For each structured region, we minimize the mean-field free energy (Eq. S14); the total free energy is the sum of the minimized mean-field free energies of all structured regions. sum of the free energies of one or more structured regions, which do not interact with one another. To minimize the free energy F (L), any combination of non-overlapping structured regions using the first L residues is permitted. For example, various possible sets of structured regions are illustrated in Supplementary Methods Figure 1c : native contacts are formed within each of the structured regions in a configuration, but no contacts are formed between residues in different structured regions. The set of allowed sets of structured regions can be written as
where the pair (a i , b i ) indicates the first and last residues that can participate in the structured region with index i, and the number of structured regions is k ≥ 0. Then, to account for the fact that many distinct microstates are typically consistent with a given structured region, we write the free energy of a nascent chain with a specific set of structured regions r as
where {g} ab indicates the set of all microstates that have a single structured region incorporating residues in the range [a, b] , and F ab is the free energy of this ensemble. Unfortunately, directly calculating F ab requires a Monte Carlo approach [22] , which can be computationally intensive.
We therefore introduce a mean-field approximation to compute the free energy of a single structured region, F ab . We assume that all configurations in this ensemble contain a single structured region with an essentially equivalent set of loops (i.e., the loops grow or shrink by adding or removing adjacent residues, but otherwise the structured region remains unchanged; see Supplementary Methods Figure 1d ). Instead of considering the set of discrete configurations {g}, we now characterize the ensemble by the average ordering of each residue in this set of microscopic configurations, {ρ u }. Ignoring correlations in the residues beyond nearest-neighbor native contacts, we can write the mean-field free energy of this ensemble of microscopic configurations as the sum of the average energetic and entropic contributions,
where q u is the single-residue mean-field partition function
Native contacts are correlated on a length scale comparable to the Kuhn length due to the finite size of the residues and the chain connectivity [22] . We have excluded native contacts between residues that are fewer than three positions apart in the sequence when constructing the energy matrix {ǫ uv }, because such contacts are likely to be present in both the denatured and folded ensembles. Nevertheless, we need to account for local geometric correlations in native contact formation. To impose correlations between residues that are very close in the sequence, we add nearest and next-nearest-neighbor couplings to {ǫ uv } and {µ u },
where δ is the Kronecker delta, 1 r (v) indicates whether the residue v can form native contacts in the structured region, and we assume that u < v and 1 r (u) = 1 for notational simplicity. We have chosen coupling constants λ 1 = 0.8 and λ 2 = 0.4 to obtain comparable results to the Monte Carlo simulations reported in Ref. 22 . Choosing λ 1 , λ 2 > 0 tends to increase the average ordering at the free-energy minimum for all residues that form multiple contacts in the structured region.
To determine F mf and {ρ u }, we first minimize the mean-field free energy without considering the loop term, ∆S l . Eq. S14 can be minimized numerically using a standard non-linear, multi-dimensional minimization algorithm. The probability of forming a native contact between residues u and v in the mean-field model is then p contact uv = ρ u 1(ǫ uv < 0)ρ v ; example contact maps showing {p contact uv } at the free-energy minimum can be found in Supplementary Methods Figure 2 . While it is not guaranteed that Eq. S14 will have a single minimum, in practice we find that, excluding the trivial solution, {ρ u } = 0, this is almost always the case. Such behavior is expected from our previous study [22] of the model presented in Eq. S10.
Next, we compute the ensemble-averaged loop entropy, ∆S l {ρu} , perturbatively by assuming that this contribution to Eq. S14 does not alter {ρ u } at the free-energy minimum. To allow disordered loops to grow or shrink by adding or removing adjacent residues, we calculate the Boltzmann-weighted average loop entropy for all possible pairs of terminal residues {(u, v)} l for each loop l, Finally, we can calculate the minimum free energy of a nascent chain in this mean-field approximation. We consider native contacts among the first L residues (Supplementary Methods Figure 2a) . We then minimize the mean-field free energy by finding the lowest-free-energy set of structured regions,
where {ρ u } ab implies that ρ u = 0 for all u < a and u > b.
At each chain length, F (L) reports the minimum free energy relative to a random coil of length L (Supplementary Methods Figure 2b ). The free energy defined in Eq. S19 is used for identifying co-translational folding intermediates as described in the main text. Figure 2 , shows the minimum free energy, F (L), for each nascent-chain length (blue curve; Eq. S19). To better illustrate the contributions to this calculation, we also plot the minimum mean-field free energy obtained when the Lth residue is included in one of the structured regions (black curve), i.e., bi = L for one of the structured regions (ai, bi) in the set of structured regions r. The free energy of this artificially constrained ensemble is a non-monotonic function of the chain length, since newly synthesized residues may not be able to join the stable tertiary structure until additional, downstream residues become available. However, F (L) can be determined by finding the most negative point on this black curve at any chain length less than or equal to L. The free energy of the full-length chain is FN . Contact maps are shown for select nascent-chain lengths, where the stable contacts are indicated below the diagonal.
C. Analysis of co-translational folding pathways
Due to the uncertainty in the number of amino acids that are concealed in the ribosome exit tunnel and the potential for steric interactions between folding intermediates and the ribosome, we consider a rare-codon-enriched region to be associated with a folding intermediate if the enriched region is anywhere between 20 and 60 codons downstream from the position at which an intermediate first becomes stable. We ignore enriched regions within the first 80 codons of a transcript, since the conservation of rare codons near the 5'-end of the mRNA transcripts is believed to originate from other factors, such as efficient translation initiation. A co-translational folding intermediate is identified whenever the monotonic cotranslational free-energy profile decreases by more than 1 k B T relative to the previous free-energy plateau; for example, see the pattern of alternating plateaus and precipitous free-energy decreases in the lower panel of Figure 2 . In Figure 3 , the 'predicted fraction' is the number of rare-codon-enriched regions that are preceded by a folding intermediate, n RI , divided by the total number of enriched regions, n R . To compute the odds ratios in Figure 4 , we first determined the fraction, f I , of all codons in our data set that are 20 to 60 positions downstream of a predicted intermediate. The 'presence' odds ratio is then defined as (n RI /n R )/f I , and the 'absence' odds ratio is ( 
To generate the randomized control sequences from which the control distributions in Figures 3 and 4 were calculated, we sampled locations for fictitious rare-codonenriched regions from a uniform distribution over each mRNA transcript, excluding the first 80 codons. This uniform distribution was normalized such that the expected number of fictitious enriched regions is equal to the total number of observed enriched regions at each p-value threshold. TABLE S1. Rare codons in the E. coli genome. A codon is considered to be rare if the abundance-weighted relative usage, as defined in Eq. S1, is less than 10%. For comparison, the highest relative-usage codon for each amino acid is shown in the rightmost column. However, for each gene, the rare-codon usage is remarkably similar across prokaryotic genomes. The similarity among genomes is quantified here by the coefficient of variation (CV), defined as the ratio of the standard deviation to the mean rare-codon fraction across genomes. The high-CV outliers are overwhelmingly associated with the lowest λ genes. The locations within the transcripts are normalized by the lengths of the transcripts. The apparent biases in the locations of the enriched regions towards both the 5' and 3'-ends of the transcripts become more significant as the p-value threshold is lowered. In contrast, random reverse translations of the E. coli proteome using the gene-specific rare-codon probabilities (Eqs. S4-S6) yield uniform distributions at all p-value thresholds. The bias towards rare-codon enrichment at the 3'-end is therefore not a consequence of the amino-acid composition near the C-terminus. Table S2 . (a) Mutual-identity distributions for the genes considered in Figures 3 and 4 . For the purpose of this figure, we define the mutual codon identity of a multiple-sequence alignment to be
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, where L is the number of positions aligned to the E. coli gene, M is the number of sequences in the alignment, and r and s are the genome indices. The mutual amino-acid identity is defined analogously. The null-model codon-identity distribution (dashed line) is calculated from reverse translations of the aligned amino-acid sequences using the gene-specific synonymous codon probabilities described in Sec. S1 A. The observed codon-identity distribution is close to the null-model distribution, indicating that the synonymous substitutions are, in general, sufficiently diverse to perform a conservation analysis. (b) The distribution of the differences in mutual codon identity between each putative conserved region and the corresponding complete gene. Results are shown for conserved regions at two conservation thresholds. For comparison, we also show the expected distributions (dotted lines) that result from a uniform sampling of n-codon loci from each complete gene. The similarity between the observed and expected distributions indicates that the overall synonymous codon divergence in the putative conserved loci is not significantly different from the remainder of each gene. (c) Examining only those specific positions in the putative conserved regions that have rare codons in the E. coli sequence does not affect this conclusion. In fact, the average codon identity at these positions is typically lower than that of the gene as a whole, since these specific positions in the alignment are more likely to contain amino acids that are encoded by many synonymous codons. Taken together, panels a-c indicate that, overall, our analysis identifies loci with a conserved enrichment of rare codons, as opposed to loci with reduced codon-level sequence divergence. (d-e) To further demonstrate that our conclusions are not a result of inadequate sequence divergence, we removed all genes with greater than 50% mutual codon identity, as well as all loci that meet our criteria for conserved rarity (i.e., Eqs. S7 and S8) due to the conservation of specific codons (about 6% of the putative conserved loci). Then, with these ambiguous data excluded, we repeated all comparisons with our folding model. The results shown here are consistent with Figures 3 and 4 , indicating that the excluded data do not have a significant effect on our conclusions. is the relative usage of the most common codon for the amino acid a in the genome s, and we have varied the cut-off ηrare between 0.16 and 0.19. We then repeated the complete calculations described in Sec. S1 A with these rare-codon definitions. Panels (a) and (b) show that the calculations using these alternative definitions are consistent with the results shown in Figures 3 and 4 , respectively. S8 . The probability of generating the observed correspondence between co-translational folding intermediates and putative pause sites from the randomized control data sets. The 'model-prediction p-values' are calculated from the control distributions ( Figures 3, 4 and S9) that were estimated from 100 independent randomizations, and should not be confused with the neutralmodel p-value threshold used to identify putative pause sites. Control I (uniform distribution of random pause sites) refers to the control discussed in the main text, while Control II (3'-end-biased pause sites) is defined in Figure S9 . Model-prediction p-values are shown in red for the co-translational folding model and in gray for the domain-boundary hypothesis. To account for the fact that we have performed calculations using a 511-protein subset of the E. coli proteome, we computed 95% confidence intervals (shown as error bars) for the model-prediction p-values, assuming that our subset is a representative sample of the E. coli proteome. The overall statistical significance of our results is influenced by the number of putative pause sites, which decreases as the p-value threshold is lowered. Consequently, the model-prediction p-values are not monotonic functions of the neutral-model p-value threshold. show the fraction of correctly predicted pause sites and the associated odds ratios as in Figures 3  and 4 , respectively. For Control II, randomized pause sites were generated according to the observed distribution within mRNA transcripts ( Figure S3b ) at each p-value threshold, resulting in a bias towards the 3'-end. Comparison with this control shows that the predictions of our model are not simply a result of this bias. For Control III, reverse translations of the E. coli proteome were carried out using the gene-specific rare-codon probabilities defined in Eqs. S4-S6, and then all calculations were repeated as described in Sec. S1 A. Comparison with this control shows that our results are not a consequence of a hidden amino-acid-sequence bias. Because the reverse translations were generated from the neutral model, we do not obtain a sufficient number of fictitious pause sites to compare with the results of our folding model at p-value thresholds less than 10
. As in Figures 3 and 4 , the error bars on the controls report the standard deviation of the results obtained from 100 independent randomizations. Figure 3 . Note that, for both the folding model and the domain-boundary hypothesis, the results are strongly affected by the total number of putative conserved sites, which increases with the p-value threshold ( Figure S3a) . However, the statistical significance of the folding-model predictions is maximized at a p-value threshold of 10 −3
, which provides an optimal balance of false positives and false negatives in the identification of putative pause sites. In each of these three models, we assume that the native structure forms prior to the C-terminus of the domain: model II, at 10 residues before the domain boundary; model III, at 95% of the domain length; and model IV, at 90% of the domain length. Only model IV, which assumes that native structure forms well before the domain boundary for all domains, makes statistically significant predictions; nevertheless, model IV accounts for less than 35% of the putative pause sites at all p-value thresholds. All panels are analogous to Figure 3 (top row) or Figure 4 (bottom row).
